Introduction
Vinegar can be easily prepared by alcoholic and acetic fermentation of a carbohydrate source such as cereals and fruits (1, 2) and has versatile and distinct organoleptic properties. As a widely favored condiment, large quantities of vinegar prepared from different raw materials are produced and consumed worldwide. Chinese black vinegar is categorized as traditional aged vinegar product being made up of different cereal grains, i.e., glutinous rice, wheat, sorghum, and millets, and has an ink-like black color and complex flavor. Traditionally, no specific recipe of black Chinese vinegar is in existence; therefore, Chinese black vinegars comprise some accessory ingredients such as spice condiments, caramel as colorant, and table sugar. In Japan, a somewhat lighter form of black vinegar synthesized from rice is widely available and being marketed as a health drink. Medicinal significance of black vinegar was reported in recent literature, such as anticancer properties in in vivo mice model (3, 4) and in vitro anticarcinogenic activity in human cancer cells (5) . European vinegars are typically produced from fruits such as balsamic vinegar from Italy (6) and wine vinegar from France (7) . The choice of raw material and production and aging techniques are very important for the development of taste and aroma in vinegar (8) .
Vinegars have particularly sharp and acidic tastes, and contain complex volatile compounds such as acids, esters, and aldehydes, and sensory assessment of vinegar is challenging because of nonrepeatability or inaccuracy (9) . Recently, modifications in taste and flavor profiles were reported by various studies. Notable changes comprised moisture loss through pores in wood, rise in acetic acid concentration, recovery of phenolic compounds from wood surface, and development of aromatic compounds, i.e., esters. (10) . Products were classified based on different parameters such as origin, type, variety, and quality attributes (11, 12) . Multivariate statistical and sophisticated fingerprinting (involving chemical characterization) techniques were employed for the purpose of classification. Moreover, volatile compounds can be used to distinguish high-quality vinegars from adulterated and substandard vinegars (13) . Electronic tongue (E-tongue) and electronic nose (E-nose), which are simulations of the human taste buds and nose, respectively, have been introduced as effective alternatives to conventional approaches used for the taste and odor analyses of food (14) . E-tongue is used as a chromatographic technique to analyze food characteristics. Wide variety of E-tongues has been used to perform successful characterization and discrimination and quality assurance (evaluation and control). Moreover, they were also utilized for monitoring processes, and foodstuffs and beverage products were also evaluated by means of quantitative analysis. E-nose possesses several advantages. Prominent advantages comprise ease of handling, cost-effectiveness, easy establishment of analytical setup, and rapidity of analysis. The main advantages of E-tongue include the low cost, easy-to-handle measurement set-up, and speed of the measurements (15, 16) . The E-nose is a promising technique that has been recently used for monitoring the aging of several foods, including wine (17) and beer (18) , showing good agreement with chemical analysis and sensory panel evaluations. Recently, mass spectrometry (MS) application has been reported as a sensing element for E-nose. Each ion generated by the mass spectrometer is considered as a virtual sensor, and the whole system functions as an E-nose (19) . MS-E-nose has been applied for various purposes such as efficient determination of differences in quality attributes, aroma, and flavor profiles detection, and identification of country of origin of foodstuff (20) . The applications of E-senses (E-tongue and E-nose) are promising for discriminating the taste and smell of different types of foods, although the human olfactory system has very sophisticated organs and many receptors (21) . Therefore, the simultaneous use of these sensory systems will increase the efficiency of obtaining information from food samples according to different factors.
This study was conducted with the main objective of investigating the potential of E-tongue, E-nose, and MS-E-nose for discriminating the aged vinegars made with different raw materials based on the analysis of their taste and aroma profiles using multivariate analytical techniques: principal component analysis (PCA) and discriminant function analysis (DFA).
Materials and Methods
Samples The vinegar samples comprised 3 types of products commercially available in markets, including Chinese Shanxi extra aged vinegar (EX, 5, 6, and 8 years), Japanese black vinegar (BL, 1, 3, and 5 years), and Italian balsamic vinegar (BA, 8, 12 , and 25 years), prepared with different raw materials and aging years. Three sets of commercial bottles of each product were obtained from a wholesale market in Daegu, Korea, and the product information regarding raw materials, fermentation period, and total acidity were acquired from the bottle labels; the corresponding information is listed in Table 1 .
E-tongue analysis The sample was analyzed using an ASTREE Electronic Tongue system (Alpha M.O.S., Toulouse, France). The detection system comprised 7 electrochemical sensors (SRS, GPS, STS, UMS, SPS, SWS, and BRS) and one reference electrode (Ag/ AgCl). The main taste attributes to each sensor can be summarized as follows: SRS sensor (sourness, astringency, bitterness), GPS sensor (sourness, saltiness, metallic), STS sensor (saltiness, spiciness, metallic), UMS sensor (umami, saltiness, astringency), SPS sensor (metallic, spiciness, umami), SWS sensor (sweetness, sourness), and BRS sensor (bitterness, astringency). Each sample (25 mL) was measured for 120 s and the raw data was expressed as voltage versus time. Samples were evaluated five times and the sensors were rinsed in water following each measurement to prevent cross-contamination between samples. PCA was used to determine sample patterns, grouping, similarities, or differences in the E-tongue data set.
E-nose analysis The HERACLES Electronic Nose (Alpha M.O.S.) was applied to monitor the volatile compounds in each sample. This instrument was integrated with classical gas chromatography functionalities and E-nose olfactory fingerprint software. This instrument included a sampling system and two flame ionization detectors (FID) detector systems, including two short columns with different polarities (2 m×0.18 mm DB-5/DB-1701). The sample (1 mL) was placed in a 20-mL headspace vial and capped with a polytetrafluoroethylene/silicone septum (Supelco, Bellefonte, PA, USA). Each vial was incubated at 40 o C for 1 min under agitation at 500 rpm. The accumulated gas in the headspace was then injected into gas chromatography instrument. The carrier gas, nitrogen, was circulated at 1 mL/min in the constant flow mode. C. The parameters were optimized and each analysis was repeated five times. To globally compare volatile components, a general odor map based on PCA was generated using chromatogram peaks. Retention indices of all the constituents were determined by the Kovat method (22) using n-alkanes as standards for C6-C16. The volatile constituents were identified by a comparison of Kovats indices and their identification was confirmed by computer matching of their mass spectral fragmentation patterns.
MS-E-nose analysis A 0.3-g sample was placed in a 20 mL vial (LaPha-Pack GmbH, Langerwehe, Germany). The vial was immediately sealed with a silicone septum and conditioned for 10 min at 70 o C with agitation at 350 rpm prior to sampling. Volatile compounds from the samples were analyzed using an MS-E-nose (SMart Nose 300; SMart Nose, Marin-Epagnier, Switzerland) equipped with a programmable auto sampler (Combi PAL, CTC Analytics, Industriestrasse, Zwingen, Switzerland) and mass spectrometer (ThermoStar T M . Headspace (2.5 mL) of the sample was taken using a headspace system (SMart Nose300; SMart Nose) and thermostatted tray holder (Combi PAL, CTC Analytics) and then injected into the E-nose at 130 o C. Ionization was performed at 70 eV over a mass range of 10-200 atomic mass unit (amu) at 0.5 s/amu. The samples were randomly placed in the autosampler trays to avoid biases because of external factors, and each sample was injected. All samples were analyzed in triplicate and peaks between 40 and 200 amu were considered for DFA.
GSD
Statistical analysis PCA and DFA are the most often used multivariate analysis methods. PCA was performed by a statistical analysis software (version 11.0, Alpha M.O.S.), and DFA was performed using a software (SMart Nose 151; SMart Nose). The relationships among data were analyzed using the 2 dependent variables and the significance was established at p<0.05.
Results and Discussion
E-tongue discriminates the taste profiles of different aged vinegars E-tongue analysis was performed to classify commercial vinegars based on raw materials and aging periods (Fig. 1A) . The intensities of SRS, one of the basic tastes of vinegar, increased with aging period in all samples (p<0.05). STS showed an inverse correlation with UMS and increased STS intensity was observed with increasing aging years of cereal vinegars (EX and BL) (p<0.05). No differences were found in GPS, SWS, and BRS sensor scores among samples. Figure 1B displays PCA plots on the sensor pattern for the aged vinegars analyzed by Etongue. The variance contribution rates of PC1 and PC2 were 87.34% and 11.34%, respectively, accounting for 98.68% of the cumulative proportion of two PCs. EX, BL, and BA samples were grouped in different PCA score plots based on taste profiles. Liu et al. (23) reported that the four groups of vinegars prepared using different materials were well-divided into three regions and that 12 brands of aromatic vinegars showed differences in electronic tongue analysis, indicating that E-tongue analysis is suitable for discriminating the vinegar taste. In the PC1 direction, all samples were slightly moved to the left plane with increased aging years, indicating that the taste pattern of vinegars changed during the aging process. Shu et al. (24) reported that electronic tongue can distinguish vinegars from different areas and different brands and can also reflect taste differences among various brands, enabling consumers to purchase goods according to their preferences. This discrimination performance of Etongue was similar to that obtained by Yu et al. (25) , where the discrimination of wine sourced from different vintage years could be explained by the fact that enzymatic reactions and microbial degradation processes gradually slowed with increasing fermentation time. All commercial vinegars could be distinguished reliably using PCA in two-dimension principal components according to their raw materials and aging periods (Fig. 1B) .
E-nose analysis based on Kovats indices identifies volatile pattern of vinegars E-nose analysis coupled with PCA was used to identify patterns in volatile components of vinegars aged for different years ( Fig. 2A) . The PCA plot revealed that the separation along PC1 accounted for 99.44% of the variation, whereas PC2 was 0.44%, showing that the BA samples prepared from fruits were clearly distinguished from the EX and BL samples prepared from cereals. EX and BA samples were distinguished according to their different aging periods, plotting in a fixed direction with aging from 5 to 8 and from 8 to 25 years, respectively ( Fig. 2A) . A small overlap was observed between cereal vinegars in the early aging stage, including the 5-year EX and 1-year BL samples. The nature of the main volatile compounds detected in the headspace of vinegar samples was investigated using their Kovats retention indices (Table 2 ). Most compounds included acids, aldehydes, and ethyl esters, which were common to all vinegars but were present at varying concentrations. Acetic acid was present in the highest concentration in all vinegar samples, which was strongly related to the aging period (EX, R=0.9998; BL, R= 0.8186; BA, R=0.9091). Ethyl isobutyrate, butyl acetate, ethyl isovalerate, furfural, and beta-pinene increased with maturation in both EX and BL samples, whereas 5-methylfurfural, detected in all samples, indicated a negative correlation with aging years. Furfural and 5-methylfurfural, as well as other furan compounds are derived from the initial cooking of the grape must during which the Maillard reaction occurs; these compounds generally increase during aging (26) . Pyrazine and methyl ethyl ketone were not identified in BA samples fermented using fruit. Since Anklam et al. (27) reported the ability of E-nose with polymer sensors to discriminate between two different groups of balsamic vinegars of Modena (a total 21 samples), there have been numerous applications of E-nose to vinegars for origin (28) and type (9, 29) classifications. Volatile patterns of vinegars could be separated depending on raw materials and aging periods through E-nose analysis based on Kovats indices, which demonstrates that it is a useful tool for the rapid identification of volatile components profiles in vinegar products. Figure 2B displays the volatile profiles of the aged vinegars resulted from MS-E-nose analysis. More separation for DF1 (F value=6132) than for DF2 (F value=672) was observed based on 7 ion fragments (m/z=58, 61, 70, 73, 74, 88, and 89 amu) selected for discriminating the EX, BL, and BA. The DFA plot revealed that the EX 5 and BL 1 samples positioned near the air (control) exhibit the weakest volatile fingerprint, which was similar to that of E-nose ( Fig. 2A) . BA samples (fruit vinegar) were separated from EX and BL samples (cereal vinegar) and were found to contain the largest number of volatiles among the 3 types of vinegar samples. BL samples showed the largest increase in volatile levels as aging periods increased. Figure 3A -C displays the volatile profile changes in the aged vinegars determined by MS-E-nose. Four main ion fragments (m/z= 50, 51, 56, and 68 amu) were selected for discriminating the EXs matured for 5, 6, and 8 years (Fig. 3A) . The separation according to aging year was found to be in a leftward direction using DF1 (F value =703: R 2 =0.9948) rather than DF2 (F value=210: R 2 =0.9829). The DFA plot revealed that the EX 5 and 6 sample positioned near the air showed the strongest volatile fingerprints, which were positioned further away (shifted towards the left side), indicating greater production of volatiles as aging time increased. BAs aged for 8, 12, and 25 years were classified categorically using five ion fragments, including 41, 58, 65, 68, and 74 amu (Fig. 3C) . The DFA plot showed divergent F-values, indicating clear discrimination depending on the unique volatile patterns of each sample according to aging years: DF1 (F value=7117: R 2 =0.9995) and DF2 (F value=1450: R 2 =0.9975). BA 8 and 12 were located further from air compared to BA 25, which revealed the presence of the strongest volatile fingerprints, whereas BA 25 showed the weakest signal. The categorization with respect to aging years was determined based on a rightward shift toward air. It was considered that volatile levels of BA were evaporated and the amount almost decreased during the aging process in contrast with EX and BL samples.
MS-E-nose analysis separates among groups of aged vinegars
Different values for ion fragments in the range of 60-98 amu were observed among the 3 samples (EX, BL, and BA), which contributed to a good separation within each group (Fig. 4) . Although it was difficult to determine the differences over the entire range of ion fragments in the aged vinegars, all samples were well-separated among groups after discriminant function analysis as displayed in Fig.  2 and 3 . Disclosure The authors declare no conflict of interest.
